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Abstract
In human-computer call dialogues, human callers often get frustrated or angry due to, e.g., the computer’s mistakes. Detecting
such emotions would be beneficial for many purposes; nevertheless, emotion detection so far has been studied primarily as a
classification task. Taking a step forward from classifying emotions from a single utterance, this paper investigates whether
emotions, detected by prosodic features, can be used practically
at the dialogue level, i.e., for monitoring human-computer dialogues to detect BAD calls requiring human agent’s assistance.
We first show emotion detection can be improved by a regression model. In combining emotion detection and dialogue monitoring, we demonstrate decision level fusion is better than feature level fusion. Our experiments also confirm that NEGATIVE
emotions may be a sufficient, but not a necessary condition for
detecting BAD calls. Finally, we show that BAD calls due to
caller’s NEGATIVE emotions may be identified by other clues.

1. Introduction
Due to the advances in computer telephony integration, the last
decade has seen a steep and continuous growth in the call center
market. As a result, the typical number of calls that a call center
receives is huge, which can easily go over a few hundred thousand calls even in a single day. When the call volume is so large,
manually monitoring, i.e., listening to and analyzing calls—one
of the main call center operation tasks—is practically impossible, which leads us to seek an alternative, automatic call monitoring. Call monitoring is in fact very important. E.g., how
can we evaluate the agent’s performance? Or, how do we know
whether callers are satisfied or not? To answer those questions,
we need to monitor calls, preferably in an automatic manner.
While human agents are the majority in a call center, many
call centers have been increasingly using automated (computer)
agents, in an effort to reduce operation costs by automating
a call center. These automated agents, which are capable of
listening to and understanding the caller’s speech as well as
prompting callers with speech, can replace human agents but
at a much lower cost. Indeed, callers may no longer need any
human agents until they finish the call to complete their task if
the automated agent receives the call1 . The downside, on the
other hand, is that the automated application is not perfect, often causing miscommunication, subsequently caller frustration
and dissatisfaction. Reluctant to talk to a computer, accordingly,
many callers ask for expensive human agents, which makes call
center’s automation effort futile. Hence, this trade-off between
call center operation costs and customer dissatisfaction is the
main challenge for automating a call center.
1 Such automated agent-based applications are often called self-care
as callers can complete the call by themselves without human agents.

Recently, it has been proposed that automatic call monitoring can also be used for human-computer, self-care applications [1]. The basic idea is to let the caller use the self-care
application first and monitor the call, automatically. Whenever
the caller has problems with self-care, the monitoring system
detects it and brings in a human agent to help the caller. Notice
that a human agent is brought in only if the caller has a problem;
otherwise, the caller keeps using the self-care until the end of
the call. This way, we can minimize the cost for human agents
and keep callers from being frustrated or dissatisfied.
While the approach—which classifies GOOD or BAD calls
from caller response sequence features—shows a promising result, it is interesting to investigate whether emotions can be used
additionally for call monitoring assuming emotions are reliably
detected. Intuitively, troubled callers would express NEGATIVE
emotions such as frustration or anger, naturally, and such emotions may be a good indicator for identifying problematic calls
requiring human assistance. Furthermore, we initially hypothesize that NEGATIVE emotions are a sufficient condition for BAD
calls but may not be a necessary condition. Put differently, if a
caller is angry or frustrated, we should bring in a human agent;
however, there are other callers, though not angry or frustrated,
who need human assistance. These issues certainly deserve an
investigation, which is the main motivation for this paper.

2. Prior work
For the sake of completeness, this section briefly reviews previous work related to emotion detection (ED) and dialogue
monitoring (DM). Being able to detect human emotions is certainly fascinating in human-computer interaction, as it allows
the computer to adaptively change its behavior and to better
serve the human (caller). Along the same line, ED has been
extensively studied in the context of human-computer dialogue
systems [2, 3, 4, 5]. Current dialogue systems, though, are inevitably erroneous, often causing users to get angry or irritated.
The intent is, therefore, to the detect caller’s emotion especially
when they get emotionally aggravated, which leads to poor
customer service. There are other clues, as well as emotions,
for detecting communication problems in human-computer dialogues, which have been studied elsewhere [6, 7]. Most studies,
however, have focused on classifying emotions or miscommunication from a single utterance. One exception is to detect communication errors at the dialogue level, but the decision is made
after a fixed number of turn exchanges without considering the
whole dialogue content [8, 9].
Our goal is to find a solution for the trade-off between cost
and customer (dis)satisfaction, and it is, therefore, crucial to detect BAD calls as accurately as possible. Hence, our strategy is
to monitor the call and withhold our decision until enough clues
are observed, which distinguishes this approach from others.

3. System overview
In essence, our task is to combine two technologies, ED and
DM: i.e., we extract useful information in terms of emotions
from human-computer dialogues and use it for DM, to detect
BAD calls where the callers are having troubles with a self-care
application. Both DM and ED are essentially a classification
problem where the task is to decide the most probable target
class out of previously defined classes, given test input data.
The target class would be either a NEGATIVE emotion or a NON NEGATIVE (¬ NEGATIVE) emotion in ED (cf. §4.1) and a GOOD
call or a BAD call in DM (cf. §4.2). Such hard decisions on
the target class, however, may not be suitable for combining
ED and DM. Rather, it would be better to generate scores on a
certain decision like a soft decision from each and combine the
scores to make the final decision, which leads us to approach
this as a regression problem, i.e., using model trees [10]. Model
trees are similar to decision trees and regression trees as they
all share the same tree-like structure [11]. Unlike decision trees
where each leaf node has a single class label, model trees have
a linear equation to yield scores at each leaf node. They also
differ from regression trees as a leaf node in regression trees
has an averaged numeric value instead of a linear equation.
One issue in applying a regression model to a classification problem is how to assign numeric target values for nominal
class-labeled data. If the task is binary classification, we can,
e.g., assign one class (¬NEGATIVE emotion in ED and GOOD
call in DM) to 0 and the other to 12 . In fact, model trees have
been successfully applied to the classification problem showing
better performance than decision trees in many cases [12].
Fig. 1 depicts the overview of our approach. On the left
side of the figure is our baseline DM system which is based on
call logs. More specifically, it extracts numeric features such as
the number of caller turns (cf. §5.2) from call logs and detects
BAD calls using a classifier. Our ultimate goal is to improve the
baseline DM by incorporating ED, based on prosodic features,
as shown on the right side of the figure. One issue is there are
multiple ways, as listed below, for coupling ED with DM, out
of which we are going to exploit choices 2 and 3.
1. We could fuse raw prosodic features with call log features
at the feature level and proceed to use the extended features. However, this does not require or take advantage of
emotion-labeled data at all, and hence we exclude this.
2. Also, we could first build an ED system using emotionlabeled data, obtain ED results (scores), and then use the
ED scores as additional features, as depicted by the dotted
line in the figure, to build a final classifier.
3. Finally, we could build an ED system, obtain ED scores,
and combine the ED scores with the baseline DM scores at
the decision level, e.g., via linear combination.

4. Corpora
4.1. Emotion detection corpus
For ED, we have collected a human-computer call dialogue corpus from a self-care application. This application is, in fact,
operated by a human wizard and thus the corpus is collected
by the Wizard of Oz method. Each call is first segmented into
caller’s turns and then each turn segment is emotionally labeled
(cf. Table 1). Each segment is labeled only once. Since we are
mostly interested in NEGATIVE emotions, we merge POSITIVE
2 Even multi-class classification can be solved by constructing multiple binary classifiers and then combining the results from each classifier.

Figure 1: System overview
and NEUTRAL data, yielding ¬NEGATIVE data. Notice here that
NEGATIVE emotions occurred much less (12% of all turns) than
¬NEGATIVE emotions, which agrees with what was observed
by others [3].
Table 1: ED corpus summary
No.

No.

Emotion Label (No. Turns)

Calls

Turns

N EUTRAL

P OSITIVE

N EGATIVE

738

3314

2815

20

419

4.2. Dialogue monitoring corpus
Our ED corpus, however, does not have any DM labels, meaning no notion of GOOD / BAD call is available, which forces us to
build another corpus for DM. We have obtained another humancomputer call dialogue corpus from another self-care application. Unlike the ED corpus in which the labels are annotated
at the turn level, the DM corpus is labeled at the call level, i.e.,
whether the call is GOOD or BAD. Our broad definition of a
BAD call is either that the caller has trouble with the self-care
or the caller opts out of the self-care for any reason. For BAD
calls, therefore, a human agent should be brought in to help the
caller. Following the automatic labeling approach [1], all calls
have been automatically labeled as GOOD / BAD using a call-flow
finite state machine, as summarized in Table 2.
Table 2: DM corpus summary
No.

No.

DM Label (No. Calls)

Calls

Turns

G OOD

BAD

1714

8554

676 (39.4%)

1038 (60.6%)

5. Experiments

5.2. DM with call log features only

5.1. ED test
We begin our experiments with testing ED: i.e., given input utterances (caller turns), the task is to classify each emotion as
either NEGATIVE or ¬NEGATIVE. Similarly to [4], the following prosodic features are extracted from speech using Entropic
ESPS xwaves get f03 and used for testing ED:
• Pitch (f0): max, min, mean, standard deviation, median
• Energy (RMS) : max, min, mean, standard deviation, median
• duration, preceding pause, internal silence.
Notice that the data distribution is noticeably skewed as in Table 1, which should4 be balanced so that they have equal priors.
To this end, similarly to [13], we apply bagging [14] in a classconditioned manner. That is, we first reserve a test set with
equal priors (42 NEGATIVE & ¬NEGATIVE utterances, each).
From the remaining data, we build 10 distinct training sets by
randomly selecting data with equal priors (350 NEGATIVE &
¬NEGATIVE utterances, each), repeatedly. Then, we build 10
classifiers via the WEKA machine learning toolkit5 using the
10 training sets and test the classifiers against the test set. Since
there are 10 classifiers, each built from one training set, there
are 10 test results which are then averaged or voted as below. To
compare, two classifiers are built for ED, decision trees (classification model) and model trees (regression model), noted as
bagged DT and bagged MT, respectively. As bagged DTs generate class labels as output, we simply take the majority vote of
the 10 labels to yield the final classification label. Likewise, as
bagged MTs generate scores (regression numbers), we take the
average of the 10 scores and use a fixed threshold to determine
each as NEGATIVE or ¬NEGATIVE.
Table 3: Emotion detection performance
ED
Model

Class

Prec.

Rec.

F-score

Accuracy

Bagged
DT

N EGATIVE
¬N EGATIVE

.667
.857

.824
.720

.737
.783

.762

Bagged
MT

N EGATIVE
¬N EGATIVE

.767
.780

.786
.762

.776
.771

.774

Table 3 shows ED performance in terms of precision, recall,
F-score, and accuracy. We first notice that model trees outperform decision trees, especially for NEGATIVE emotions as observed by a higher F-score. Also, though not fully satisfied with
the overall performance (< 80% accuracies), we regard it as
acceptable considering that 1) unlike other commonly used ED
corpora, our corpus was labeled only once, meaning some emotion labels may be subjective, 2) emotions are often not explicit
because our corpus is collected from a real-world application,
and 3) most utterances are very short, as they are from systemdirected, menu-style call dialogues, which makes it difficult to
confidently decide the emotion. Notice that detecting NEGA TIVE emotions performs comparably to detecting ¬ NEGATIVE
emotions—due to data balancing—which is favorable for DM.
3 Freely

available at http://www.speech.kth.se/speech/esps/esps.zip.
we initially tried building and testing models without balancing the data. This, however, resulted in classifiers with a very low
recall in detecting NEGATIVE emotions—which is not desirable for
DM—though they have a good accuracy. I.e., most of the time it classifies test data as ¬NEGATIVE.
5 Freely available at http://www.cs.waikato.ac.nz/ml/weka/.
4 Indeed,

We next move on to testing our baseline DM system, i.e., DM
with call log features only. The DM corpus has been first divided into training data (75%) and test data (25%). Then, the
following features are extracted from call logs: the number of
caller turns, N O M ATCHES, N O I NPUTS (timeouts), DTMF inputs,
Yes/No answers, and finally speech recognizer’s average confidence score. Next, two DM classification models, again, decision trees and model trees, are built using the training data
and subsequently tested against the test data. Table 4 shows the
baseline DM test results. As observed in the ED test (cf. Table 3), we have obtained a significant gain by using model trees
(at the statistical significant test p-val < 0.05).
Table 4: DM performance with call log features
DM
Model

Class

Prec.

Rec.

F-score

Accuracy

Decision
Trees

BAD
G OOD

.840
.843

.904
.749

.871
.793

.841

Model
Trees

BAD
G OOD

.858
.844

.904
.788

.881
.815

.855

5.3. DM with ED results only
As a first attempt to apply ED for DM, we use ED results directly for DM without considering anything else. As decision
trees generate classification labels, decision trees are not used;
only scores from ED model trees are used for DM. That is, we
take ED regression scores from the DM test data, and then make
decisions in terms of DM using a threshold.
Notice here that emotions are detected per each caller’s turn
while DM decisions are made per each call. E.g., if there are 5
turns in a call, there will be 5 ED scores while we need one DM
decision for that call, meaning we need to somehow choose a
single score from the 5 ED scores. We are mainly interested
in caller’s NEGATIVE emotions as they are a good indicator of
caller dissatisfaction, and hence it stands to reason to pick the
most NEGATIVE, i.e., the maximum ED score from each call as
a feature for making a DM decision6 .
Unfortunately, this does not yield any comparable results
to our baseline DM results. This is primarily due to the fact
that some calls are BAD even though the callers are not emotionally aggravated. This experiment, however, confirms our
hypothesis—NEGATIVE emotions may be a sufficient condition
for detecting BAD calls, but not a necessary condition.
5.4. DM plus ED: feature level fusion
We continue our experiments with using ED results additionally for feature level fusion. As in §5.3, the maximum ED
score from each call is extracted and combined with call-log
features (feature level fusion) to build the classifiers. However,
this again does not show any improvements over our baseline
DM results. Our explanation for this is that even if a caller
is emotionally aggravated, it may be equivalently detected by
inspecting call logs. E.g., caller’s NEGATIVE emotions may result in a low speech recognition confidence score, which corresponds to a N O M ATCH. Indeed, feature analysis using principal
component analysis shows that ED scores are not significant.
6 We actually tried other features such as the average, range of the
ED scores from a single call, and <max, average, range> as a vector,
but all performed not better than the case with the maximum score.

Table 5: Decision level fusion performance
Decision
Fusion

Class

Prec.

Rec.

F-score

Accuracy

Decision
Trees

BAD
G OOD

.864
.845

.900
.793

.882
.818

.857

Model
Trees

BAD
G OOD

.863
.866

.916
.788

.888
.825

.864

experiments have shown only a limited improvement after using
ED, we attribute this to the fact that our corpus is not emotionally rich. Taking into account that the room for improvement is
small, our gain is noteworthy. Finally, we have shown by our
experiments that emotionally aggravated callers may be identified by other features. We are currently working on real-time
online call dialogue monitoring to detect BAD calls as early as
possible and incorporating ED for online monitoring as well.

7. References
5.5. DM plus ED: decision level fusion
Finally, we try to fuse ED scores with call log-based DM scores
at the decision level. That is, we first build two separate regression models, one for DM using call log features and the other
for ED using prosodic features. We next generate regression
scores from the DM training set—as we need another model for
decision fusion which needs to be trained. The decision fusion
model is then trained using those training data scores. After all,
there are three models: (call log-based) DM model trees, ED
model trees, and the decision fusion model for which we try
both decision trees and model trees. Once the three models are
built, we repeat the test procedure using the DM test data.
As Table 5 shows, we have obtained a modest improvement
using decision level fusion. This is, in fact, the first result showing an improvement after using ED in addition to call log-based
DM. Unfortunately, however, the improvement is not statistically significant (p-val ≈ 0.07) compared to the case without
using ED. To find out the reason for such a small gain, we have
randomly selected about 100 calls from the DM test set and have
manually listened to them checking how often callers are emotionally aggravated. Interestingly, it turns out that only 9 calls
(9%) have the emotional content which is much lower than the
ED corpus (25%). This indicates that the ED corpus is much
richer than the DM corpus in terms of emotions, which is not
uncommon. In other words, in some application, callers are
more often emotionally aggravated than in other applications.
This is probably due to many factors such as the nature and/or
complexity of the application. Conversely, this also implies that
if we choose the ED corpus, label it in terms of DM, and test
DM on that corpus, then we may be able to get a better result.
Furthermore, notice that only 9% of the calls have the emotional
content, which means the upper bound of the improvement using ED additionally is 9%. Despite such a small room for improvement, we have managed to obtain a modest gain, which
is remarkable. Finally and more importantly, out of the 9 calls
having the emotional content, 8 calls were already classified as
BAD by the call log-based DM classifier. Supported by this observation, we can conclude that BAD calls having caller’s NEG ATIVE emotions may be identified by other call log features.

6. Conclusions
Going beyond simply detecting emotions at the utterance level,
we have exploited possibilities of using ED practically for DM
at the call dialogue level. Our findings and contributions, as
summarized below, are fruitful. First, we have tackled ED as a
regression problem using model trees, yielding gains in performance. This also enables us to easily use ED results for other
purposes, e.g., DM. Second, we have confirmed that NEGATIVE
emotions may be a sufficient condition for BAD calls, but not a
necessary condition. Third, we have compared two alternatives
to incorporate ED results for DM and demonstrated that decision level fusion is better than feature level fusion. Although our
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